Frontotemporal dementia refers to a group of progressive neurodegenerative syndromes usually caused by the accumulation of pathological tau or TDP-43 proteins. The effects of these proteins in the brain are complex, and each can present with several different clinical syndromes. Clinical efficacy trials of drugs targeting these proteins must use endpoints that are meaningful to all participants despite the variability in symptoms across patients. There are many candidate clinical measures, including neuropsychological scores and functional measures. Brain imaging is another potentially attractive outcome that can be precisely quantified and provides evidence of disease modification. Most imaging studies in frontotemporal dementia have been cross-sectional, and few have compared longitudinal changes in cortical volume with changes in other measures such as perfusion and white matter integrity. The current study characterized longitudinal changes in 161 patients with three frontotemporal dementia syndromes: behavioural variant frontotemporal dementia (n = 77) and the semantic (n = 45) and non-fluent (n = 39) variants of primary progressive aphasia. Visits included comprehensive neuropsychological and functional assessment, structural MRI (3 T), diffusion tensor imaging, and arterial spin labelled perfusion imaging. The goal was to identify measures that are appropriate as clinical trial outcomes for each group, as well as those that might be appropriate for trials that would include more than one of these groups. Linear mixed effects models were used to estimate changes in each measure, and to examine the correlation between imaging and clinical changes. Sample sizes were estimated based on the observed effects for theoretical clinical trials using bootstrapping techniques to provide 95% confidence intervals for these estimates. Declines in functional and neuropsychological measures, as well as frontal and temporal cortical volumes and white matter microstructure were detected in all groups. Imaging changes were statistically significantly correlated with, and explained a substantial portion of variance in, the change in most clinical measures. Perfusion and diffusion tensor imaging accounted for variation in clinical decline beyond volume alone. Sample size estimates for atrophy and diffusion imaging were comparable to clinical measures. Corpus callosal fractional anisotropy led to the lowest sample size estimates for all three syndromes. These findings provide further guidance on selection of trial endpoints for studies in frontotemporal dementia and support the use of neuroimaging, particularly structural and diffusion weighted imaging, as biomarkers. Diffusion and perfusion imaging appear to offer additional utility for explaining clinical change beyond the variance explained by volume alone, arguing for considering multimodal imaging in treatment trials. Abbreviations: ASL = arterial spin labelling; (bv)FTD = (behavioural variant) frontotemporal dementia; CDR = Clinical Dementia Rating Scale; DTI = diffusion tensor imaging; FAQ = Functional Activities Questionnaire; FTLD = frontotemporal lobar degeneration; LME = linear mixed effects; MMSE = Mini-Mental State Examination; nfv/svPPA = non-fluent/semantic variant of primary progressive aphasia
Introduction
Neurodegenerative diseases such as Alzheimer's disease and frontotemporal dementia (FTD) are devastating disorders caused by the accumulation and spread of toxic proteins in the brain (Seeley, 2017) . Disease-modifying treatments targeted at the underlying proteinopathies are being aggressively developed (Boxer et al., 2013; Panza et al., 2016) , and trials of these drugs require the identification of reliable endpoints that track disease-related changes over time. Most pivotal (phase 3) trials to date have focused on Alzheimer's disease, which is caused by the accumulation of intracerebral amyloid-b and tau (Ittner and Gö tz, 2011) . Preclinical studies are beginning to produce promising treatments directed at the biological mechanisms associated with FTD. Clinical trials with these agents face a significant challenge due to the clinical heterogeneity in FTD, which can present as a number of syndromes, including the behavioural variant of frontotemporal dementia (bvFTD), which presents with changes on socio-emotional function, the semantic variant of primary progressive aphasia (svPPA), which is associated with loss of knowledge about words and objects, and the non-fluent variant of PPA (nfvPPA), which presents with articulation difficulties and agrammatism. Pathologically, these disorders are all linked because they are usually caused by accumulation of either tau or TDP-43 (TAR DNA-binding protein 43, encoded by TARDBP). For instance, svPPA is usually caused by TDP-43 accumulation, and this is also true for about half of bvFTD patients (Perry and Miller, 2013) . The other half of patients with bvFTD have tau pathology, which is also the cause in many cases of nfvPPA. Thus, drugs targeting tau or TDP-43 could benefit patients with a variety of symptoms. Trials directed at tauopathies could potentially enrol some bvFTD and nfvPPA patients, while studies of TDP-43 might include svPPA as well as some bvFTD and nfvPPA patients. Yet, the phenotypic variability across these syndromes presents a barrier to such studies, because it might be difficult to find endpoints relevant to all participants. One strategy to deal with this problem would be to limit each trial to patients with similar symptoms. FTD is relatively uncommon, however, and narrow inclusion criteria would slow enrolment of already difficult to recruit patients, and would limit drug approval only to those patients with the syndrome that was targeted. Moreover, novel clinical trial designs grounded in genetics or biomarkers, such as basket trials that include a variety of clinical syndromes, may have advantages for determining treatment effects (Hyman et al., 2017 (Hyman et al., , 2018 . These considerations highlight the importance of examining longitudinal trajectories in markers of disease in clinically heterogeneous populations in order to identify endpoints that would allow reasonable sample sizes in clinically mixed groups. The frontotemporal lobar degeneration neuroimaging initiative (FTLDNI) was begun in 2009 to examine longitudinal changes in bvFTD, svPPA and nfvPPA. In addition to their relevance for drug development in FTD, the lessons learned from studying this clinically heterogeneous group of disorders have value for planning clinical trials in other disorders characterized by clinical variability, including Alzheimer's disease.
There are several considerations in the selection of endpoints for a clinical trial aimed at measuring clinical effects of an intervention. The key characteristic for estimating the sample size that will be required is the effect size for the measure of interest, which is a function of the magnitude and variance of the change over time (Sakpal, 2010) . Effect size, however, is not the only consideration. Clinical meaningfulness is also critical in pivotal trials. For example, a circumscribed neuropsychological measure may be quite sensitive to change over time, but improvement on that measure may not have a substantial impact on quality of life, day-to-day function, or caregiver burden. Such a measure could be very helpful in phase 1 or phase 2 trials to provide an indication that a drug could have a clinical impact, but regulators such as the US FDA generally require pivotal clinical trials to include clinically meaningful endpoints (Katz, 2004; Fleming and Powers, 2012) . Typically, measures tracking clinicians' impressions of disease severity (Boxer et al., 2013) or change or activities of daily living (Vandenberghe et al., 2016) have been used for this purpose. Such measures also have the advantage of being equally relevant to patients suffering from a variety of symptoms, and thus have particular value in studies including more than one clinical variant. A third consideration is the reliability of the sample size estimate derived from the group that was studied, which may not always represent the full spectrum of patients, especially if the group is relatively small. Because FTD is uncommon, it is challenging to recruit multiple large groups, and extrapolating to a sample size estimate in an independent group with a different patient composition is therefore difficult. Additional analyses to estimate the likelihood that a given measure will yield a similar effect size in another group can be valuable. In the absence of replicated effect sizes, measures that appear to be more reliable based on the available data would be a sensible choice, and quantification of that reliability can inform the decision about how many patients should be recruited.
Lastly, while clinical improvement is the gold standard for deciding on whether a drug is beneficial for a group of patients, there are reasons to develop other measures. Because many drugs are directed at the underlying protein disorders, they can be considered as potentially diseasemodifying therapies (Tsai and Boxer, 2016) . Disease-modifying therapies are likely to be most effective at early stages of disease when clinical measures may be less sensitive to change. Brain imaging is an attractive outcome because it provides direct biological information that can be used to support claims of disease modification and can be deployed even in asymptomatic trial participants. Although imaging could be accepted as a surrogate outcome in early phase trials even without a known association with clinical symptoms, establishing reliable relationships between radiographic and clinical measures may increase confidence in selecting imaging as a surrogate endpoint, even in latephase efficacy trials. Prior studies have demonstrated that brain imaging can be tracked reliably over time in FTD, and the effect sizes can be larger than those observed for clinical measures (Knopman et al., 2009; Pankov et al., 2016) . Brain volume has been studied most extensively, and longitudinal change in whole brain volume has been shown to correlate with clinical changes in FTD (Knopman et al., 2009; Gordon et al., 2010) . There are several additional candidate imaging biomarkers for tracking change in FTD, including diffusion tensor imaging (DTI) to track white matter integrity, and arterial spin labelling (ASL) to quantify cerebral perfusion. Although previous work suggests these types of imaging are valuable for diagnosis (Du et al., 2006; Santillo et al., 2013; Zhang et al., 2013; Tosun et al., 2016) and white matter integrity can be tracked over time (Lam et al., 2014; Mahoney et al., 2015; Tu et al., 2015) , longitudinal studies with these modalities have been limited and correlations between longitudinal changes in DTI and perfusion and clinical measures have not been studied in FTD, nor has the question of whether these images can explain clinical changes beyond what can be accounted for using volume loss.
In this study, we examined longitudinal changes in clinical and imaging markers of disease in bvFTD, svPPA and nfvPPA to identify the potential endpoints for clinical trials for each of these syndromes, as well as those that might be suitable for tracking disease in a study that would include patients in more than one of these groups. We examined neuropsychological and functional measures as well as three imaging-based measures: cortical volume, white matter integrity, and cerebral perfusion. For the imaging metrics, we support their relevance to clinical outcomes by providing evidence of their relationship with clinical measures. Lastly, we provide preliminary sample size estimates for using these clinical and imaging measures in potential clinical trials, and use bootstrapping methods to generate confidence intervals for the sample size estimates.
Materials and methods

Participants
Longitudinal data were studied in 161 patients with FTD syndromes (77 bvFTD; 45 svPPA; 39 nfvPPA) and 137 controls. Most were studied through the Frontotemporal Lobar Degeneration Neuroimaging Initiative (FTLDNI, AG032306), which was funded to examine longitudinal clinical and imaging changes in FTD; some were enrolled in another UCSF FTD study (AG019724) with similar imaging and clinical protocols. We elected to combine data from the two studies to generate the largest dataset possible, which resulted in variability in sample sizes and time points across measures. Further details regarding the number of follow-up visits are provided in Supplementary Table 1 and Supplementary Fig. 1 .
Patients were studied at one of three medical centres [University of California, San Francisco (UCSF, n = 132), Mayo Clinic, Rochester (MCR, n = 17) and Massachusetts General Hospital (MGH, n = 12)]. Patients were referred by outside physicians or self-referred, and all underwent neurological, neuropsychological and functional assessment with informant interview. All were diagnosed at a multidisciplinary consensus conference using published criteria: Neary criteria (Neary et al., 1998) or the recently published consensus criteria for bvFTD (Rascovsky et al., 2011) and PPA (GornoTempini et al., 2011) depending on year of enrolment. Demographics and selected clinical features are described in Table 1 . The protocol was approved by IRBs at all sites.
The neuropsychological battery has been described elsewhere (Knopman et al., 2008) and included the Mini-Mental State Examination (MMSE; Folstein et al., 1975) ; a copy of the Benson complex figure (Kramer et al., 2003) ; to assess visuospatial function, forward and backward digit span (Wechsler, 1997) ; a modified Trail-making task (Kramer et al., 2003) ; the Stroop inhibition task (Stroop, 1935 ); a design fluency task (Delis et al., 2001 ); a 15-item Boston Naming Test (BNT; Kaplan et al., 1983) ; phonemic fluency (words beginning with the letter 'D'/minute) (Kramer et al., 2003) ; semantic fluency (animals/minute) (Delis et al., 2001) ; an abbreviated version of the Peabody Picture Vocabulary Test-Revised (PPVT) (Dunn and Dunn, 1981) ; Pyramids and Palm Trees, a measure of semantic access (Howard and Patterson, 1992) ; the California Verbal Learning Test, Second Edition-Short Form (CVLT) (Delis et al., 2000) ; and a test of memory for the Benson figure.
Several measures were used to quantify functional state including the FTLD-modified Clinical Dementia Rating Scale (FTLD-CDR) sum-of-the-boxes score (Morris, 1993; Daly et al., 2000; Knopman et al., 2008) , the Functional Activities Questionnaire (FAQ; Pfeffer et al., 1982 ) the Clinician's Global Impression Scale (CGI; Busner and Targum, 2007) and the Schwab and England Activities of Daily Living scale (SEADL; Schwab and England, 1969) . The Neuropsychiatric Inventory (NPI; Cummings et al., 1994) was used to quantify behavioural abnormalities, and the Geriatric Depression Scale was used to measure depressive symptomatology (GDS; Yesavage et al., 1982) .
Neuroimaging acquisition and analysis
Magnetic resonance images at UCSF and MGH were acquired on a 3 T Siemens Tim Trio system equipped with a 12-channel head coil. At MCR, images were acquired on 3 T GE MRI scanner equipped with an 8-channel head coil. Volumetric images from all sites were analysed as one group. Because of the fact that methods for analysis of multisite diffusion and ASL imaging data are less well established, only the UCSF diffusion weighted and ASL images were analysed. Images were also graded for white matter hyperintensity burden using the Fazekas scoring system to examine the potential impact of this measure on the results. Details of image acquisition, processing and grading are included as Supplementary material.
Biomarkers and pathological analysis
To assess whether the results could be influenced by a large number of patients that might have Alzheimer's disease pathology, we categorized each patient with respect to likely presence or absence of amyloid pathology for whom pathological or Alzheimer's disease biomarker data were available (n = 109). The classification was based on autopsy diagnosis if available (n = 34), or amyloid imaging results (n = 53), or CSF results in those without autopsy or amyloid imaging results (n = 22). Further details about these procedures and criteria for classification are presented in Supplementary Fig. 2 .
Neuroimaging composites
To reduce the number of regions examined, we created lobar composites by summing regions within the frontal and temporal lobes for MRI and ASL. To allow comparison of regional changes in DTI with regional changes in volume and ASL, we created composite regions representing tracts emanating from the right and left frontal and temporal lobes, along with the uncinate fasciculus and genu of the corpus callosum. A detailed explanation of the regions of interest included in each composite can be found in the Supplementary material.
Hypotheses and rationale for data presentation
Based on previous studies, a number of findings were expected. These included that: (i) Functional measures would exhibit longitudinal declines across all three syndromes and result in relatively large effect sizes for all groups. In contrast, neuropsychological measures with the largest effects sizes are expected to be specific to each disease. (ii) Neuroimaging measures will result in estimated sample sizes that are consistent with or lower than cognitive and functional measures. (iii) Baseline volume of the frontal and temporal lobes will be statistically significant predictors of disease trajectory (i.e. rate of decline). (iv) We expect that structural neuroimaging will show longitudinal associations with clinical and cognitive outcomes. We also anticipate that diffusion imaging of the white matter microstructure and ASL perfusion imaging will explain additional variance in clinical decline above and beyond structural imaging.
The complexity of the dataset, with many outcomes to be examined in three different groups over multiple observations, would allow many options for data presentation and analysis. The choices for this work were driven by the overall goal of providing data to guide planning of clinical trials. Thus, although differences between groups were examined for statistical significance, the presentation and analysis focused on a thorough description of change in each of the groups, beginning with presentation of measures that show statistically significant change in each group, and identifying variables where baseline values predicted rates of change. Linear mixed effects (LME) models are ideal for these analyses. To illustrate the impact of using these baseline values to guide trial enrolment, we present the change in sample size estimate that results from using a recruitment strategy that would exclude patients least likely to show change for a trial that would target a treatment effect of 40% reduction in rate of decline. These analyses are followed by comprehensive sample size estimates for all variables that show significant change in each group targeting both a small (25%) and moderate (40%) effect, with associated bootstrapped confidence intervals. To emulate data that would be available in a clinical trial, these sample size calculations use estimates of change over approximately 1 year using only two time points. Lastly, to examine relationships between imaging variables and clinical variables, we used LME models, as described below. In all clinical analyses, data on all functional variables are presented because of their inherent clinical meaningfulness, along with MMSE, which is a commonly used measure of cognition, and two measures of cognition chosen because of their relatively low estimates across all cohorts: a semantic fluency task (animals/min) and a measure of single-word comprehension (PPVT-R). The Supplementary material provides additional information on all variables examined.
Statistical analysis
Full details of the statistical analysis, including model equations, are presented in the Supplementary material. We estimated the annualized longitudinal change in clinical and imaging outcomes by fitting LME models with random intercepts and slopes, using time (in years) from baseline as the predictor. Additional baseline predictors considered included age, education and sex. Total intracranial volume was entered as a covariate in all models that included structural imaging. We examined our data for possible non-linear relationships between outcome and time by adding quadratic time terms to the LME models for a few primary measures (i.e. FTLD-CDR, FAQ and MMSE). In the resulting plots (not shown), it was clear that divergence from linearity occurred at later time points (42 years) and this appeared to be driven by a few cases with a particularly long duration of follow-up. We therefore focus on the linear representations of results, i.e. in order to avoid risk of over-interpretation. See the Supplementary material for greater detail. Missing data were treated as missing at random. Separate models were created for each clinical and imaging outcome, with an unstructured covariance matrix to assess whether baseline performance or imaging metrics predict the rate of change, by modelling the correlation between slope and intercept. The associations among neuroimaging (baseline and longitudinal) and clinical outcomes were also assessed with LME models. For this set of analyses that involved comparison of the relationships between different types of time-varying imaging and clinical variables, imaging predictors were converted to z-scores to enhance interpretability (i.e. effects are expressed in terms of changes per standard deviation in the imaging variable). We first fit models with structural imaging as predictors. Subsequently, DTI and ASL were then added into each model. The improvement in fit between models was tested using the likelihood ratio (LR) test, and we estimated the proportion of variance in annualized clinical change explained (in terms of R 2 ) by each brain region (with or without DTI and ASL, depending on the LR test). Similar modelling was conducted to determine whether baseline neuroimaging predicted clinical decline, except that imaging (and its interaction with time) was entered as time-invariant predictor. We report P-values without adjusting for multiple comparisons; rather, we use scientific judgement rather than formal methods of adjustment to indicate where caution is warranted despite findings with P 5 0.05. See Supplementary material for a full description of this decision.
Sample size estimates for hypothetical clinical trials were derived using the annualized change score between baseline and follow-up (Sakpal, 2010) . Each estimate was obtained using the boot package from 'R' via which a 10 000-fold bootstrapping procedure was performed, allowing the generation of confidence intervals for the estimates. See the Supplementary material for a discussion on error handling. For those measures that showed a statistically significant correlation between baseline values and rate of decline, we assessed the impact of this information on hypothetical clinical trial enrolment. To do this, we removed the 25% of the sample that was least likely to change based on their baseline level for that measure, and recalculated sample size estimates in the remaining patients.
Data availability
The data that support the findings of this study are openly available in the Laboratory of Neuroimaging (LONI) Image Data Archive at https://ida.loni.usc.edu.
Results
Autopsy findings and Alzheimer's disease biomarkers
Among the 34 autopsied patients, all had a primary pathological diagnosis of FTLD. In those with bvFTD (n = 17), 10 had FTLD-tau and seven had FTLD-TDP. All three svPPA patients had FTLD-TDP, and among those with nfvPPA (n = 13), 12 had FTLD-tau and one had FTLD-TDP. In those with molecular PET imaging (n = 53), all were PIB negative. Finally, 3 of 22 cases analysed for CSF data exhibited a total tau/amyloid-b ratio suspicious of Alzheimer's disease pathology (cut-off = 0.39). One of these had a bvFTD motor neuron disease phenotype, strongly suggestive of underlying FTLD-TDP despite the CSF findings.
Clinical changes and sample size estimates
All the functional measures (FTLD-CDR-SB, FAQ, SEADL and CGI) showed statistically significant longitudinal change for all three diagnoses, as did MMSE. The FTLD-CDR-SB was the only clinical measure to show different rates of declines between the three diagnoses, with the bvFTD group showing greater change over time than the svPPA group; both groups showed greater change than nfvPPA (Tables 2 and 3) . Increases in behavioural disturbance as measured by NPI total severity score only reached statistical significance in the nfvPPA group, but the estimated changes were in the same direction for bvFTD and svPPA. Among neuropsychological variables, semantic fluency and PPVT were among those with the highest effect size for change over time in the LME models in all three groups. Baseline and annual change in scores for all these variables are provided in Tables 2 and 3 , as are group differences in rates of decline. Baseline and longitudinal data for all clinical variables, for the three FTD cohorts and controls, are presented in Supplementary Table 3 . Figure 1A and B display raw data and the estimated mean change for two common clinical endpoints, FTLD-CDR-SB and MMSE.
For each clinical variable, we have provided sample size estimates and bootstrapped confidence intervals for a theoretical randomized 1:1 placebo controlled study targeting a 25% or 40% reduction in rate of decline from an intervention (power of 0.8), accounting for an anticipated attrition rate of 20% (Supplementary Table 2 ) and assuming the same standard deviation of changes in the treatment group as that observed for controls. For each diagnosis, the most promising of the 40 measures based on bootstrapped confidence intervals are displayed in Fig. 2 . Several functional rating scales and neuropsychological measures have estimates of $200 or less for both arms, accounting for attrition, to detect a 40% effect at a power of 0.8. In bvFTD these include FTLD-CDR-SB (n = 178) and FAQ (n = 202); in svPPA, FAQ (n = 156), MMSE (n = 173) and semantic fluency (n = 120), and in nfvPPA, the Stroop color naming task was the best performing neuropsychological endpoint (n = 26). The FAQ had the lowest estimated sample size for a functional measure (n = 240) in nfvPPA. It is worth noting that there was a substantial overlap in the confidence intervals for all of these measures, with the exception of Stroop color naming in nfvPPA, which was significantly lower than FAQ. Additional sample size calculations for all variables examined are provided in Supplementary Table 2 .
There were several variables in each group where a lower value at baseline (or higher in the case of FTLD-CDR-SB) statistically significantly predicted more rapid rate of change over time. In bvFTD, these included FAQ, SEADL and MMSE; in svPPA, the FTLD-CDR-SB, SEADL, and digit span backward; in nfvPPA, FTLD-CDR-SB, MMSE, and Stroop interference. For variables/groups where this effect was statistically significant, we have provided illustrative examples of the effect on sample size estimation if those with baseline scores in the quartile least likely to show change were excluded (Tables 2 and 3 , rows labelled 'Enriched Trial'). For example, in bvFTD this would decrease the total sample size from 202 to 113 for a proposed study using the FAQ as an endpoint. Given that 41 estimates were conducted in each group, some findings may have occurred by chance.
Imaging changes and sample size estimates
All four composite regions of interest showed statistically significant declines in volume for all groups (Table 3) . Rapidity of decline in regional volumes differed between groups in the hypothesized pattern. For example, right frontal volume showed faster declines in bvFTD compared to nfvPPA. Fractional anisotropy values also declined over time for all seven composite regions of interest across nearly all diagnoses, again with some a priori expected between-group differences. The only DTI region of interest where the observed change did not meet statistical significance (at the nominal 5% level) was the right uncinate fasciculus in nfvPPA, but the change was in the expected direction. Table 3 provides baseline values and change estimates (in cubic centimetres for volume and fractional anisotropy units for DTI) for each of the regions of interest examined, and sample size estimates are presented in Table  4 . Sample size estimates at varying levels of effect size are presented in Supplementary Table 2 .
Fractional anisotropy in the genu of the corpus callosum consistently produced low sample sizes across syndromes (n = 94-147 for the trial), although a relatively larger confidence interval was observed in the nfvPPA group (n = 65-797) compared to the other two diagnoses. The second-best sample size estimates from DTI in each cohort were identified in tracts expected to be involved early and consistently in each syndrome: right uncinate for bvFTD (n = 168), left temporal for svPPA (n = 226) and left frontal for nfvPPA (n = 193) . Most ASL regions of interest showed declines as hypothesized, although only four of 12 regions of interest showed statistically significant longitudinal declines; three of these results were observed in the svPPA group. Sample size estimates for ASL were all 41000 for a trial, with the exception of left frontal perfusion in nfvPPA (n = 509). Figure 1C and D shows raw data and the estimated mean change for two promising volumetric and DTI regions of interest: the left temporal lobe and the genu of the corpus callosum. In a sensitivity analysis, sample size estimates for the entire cohort did not differ substantively from the UCSF cohort (Supplementary Table 4) .
We identified one region in svPPA, the right temporal lobe, where baseline volume predicted subsequent rate of change. Specifically, lower volume in svPPA was associated with a relatively slower rate of decline. Consistent with this finding, lower baseline volumes in left and right temporal lobes for all the cohorts were associated with slower rates of decline, although not statistically significant except for the case mentioned above. In contrast, lower baseline frontal lobe volumes were associated with faster rates of decline in the same regions, although none were statistically significant. For DTI, we found that lower levels of baseline fractional anisotropy in the genu of the corpus callosum predicted a faster rate of decline in fractional anisotropy for the bvFTD and nfvPPA groups. For these regions, we provide in Table 3 sample size estimates for an 'enriched' clinical trial using DTI as an outcome. For example, enrichment based on baseline genu fractional anisotropy in the nfvPPA reduced the sample size for the trial from 147 to 67.
Neuroimaging correlates of clinical change
We identified statistically significant correlations between imaging metrics and a wide variety of functional and neuropsychological measures. In many cases, likelihood ratio tests demonstrated that the addition of DTI and ASL as predictors significantly improved model fit. Tables 5-7.  Table 6 presents baseline imaging predictors of the rate of decline in the same three outcomes described in Table 5 . A similar pattern was observed for baseline predictors of clinical change, with predictions in the nfvPPA cohort benefitting most frequently from adding ASL and fractional anisotropy to the predictive model. In most cases, worse values on imaging at baseline (e.g. smaller volume) predicted faster rates of clinical decline. Overall, higher model R 2 values, in many cases 40.8, were observed for cognitive measures compared to clinical measures. Data for all clinical variables are presented in Supplementary Tables  8-10 .
Discussion
The chief aim of this study was to inform clinical trials in FTD by identifying measures that show significant change in each subtype and providing sample size estimates for a range of clinical and neuroimaging measures, and characterize the uncertainty of these estimates using bootstrapping. The results from this analysis suggested that, for trials that might enrol patients with two or three of the canonical FTD syndromes, functional measures appeared be to an attractive clinical outcome measure, because they produce relatively similar sample size estimates for all groups, and have inherent clinical meaningfulness. While previous studies have identified the CDR-SB score as a potentially useful functional measure (Knopman et al., 2008) , our analysis suggested that the FAQ is also a good choice. Longitudinal measures of cortical volume showed statistically significant changes over time and generally yielded sample size estimates that were comparable to, and in some cases better than, estimates for clinical measures alone. Changes in white matter integrity also showed statistically significant changes over time and yielded the smallest sample size estimates for brain imaging measures. The upper limits of the confidence intervals were often lower for neuroimaging measures compared to clinical measures, and in many cases, a study powered at the upper limit of the confidence interval would still be feasible. For example, if right temporal lobe volume was used in a svPPA trial powered to detect only a small treatment effect (25% reduction in atrophy), a total sample of 297 would be powered with 95% confidence to detect this effect, even after accounting for an expected attrition of 20%. The confidence intervals were quite revealing for many measures. For example, although the Stroop color naming task was estimated to require a sample size of 287 for a both arms of a bvFTD trial (40% effect size, 0.8 power) accounting for 20% attrition, the upper limit of the 95% confidence interval was 4024, suggesting little confidence that a trial enrolling 287 people would be sufficiently powered to detect this 40% effect size. In contrast, other confidence intervals were much more encouraging.
The second aim was to gauge the suitability of MRI variables as surrogate endpoints in studies attempting to determine either biological effects (i.e. proof of concept or pharmacodynamics) or treatment efficacy. We found that measures of white matter integrity and cortical perfusion, when added to structural imaging, often produced better model fit in explaining variance in clinical changes compared with structural imaging alone. Together, the three types of imaging roughly accounted for between 20 and 95% of the variance in clinical changes. In some cases, changes in volume explained a large percentage of variance in clinical change; for example, in svPPA, volume alone explained 71% of the variance in clinical decline (i.e. FAQ). This strong association provides initial evidence that volumetric MRI may be an appropriate surrogate endpoint for efficacy trials in FTD; this hypothesis can only be confirmed in a successful treatment study. As would be expected, correlations tended to be higher for neuropsychological tasks, which are targeted at specific neural systems, compared with functional measures that depend on combinations of cognitive, behavioural and lifestyle factors. These findings support the large body of accumulated evidence, mostly cross-sectional, correlating imaging measures with clinical findings (Gorno-Tempini et al., 2004; Possin et al., 2012; Perry and Rosen, 2016; Staffaroni et al., 2017) . In addition to their potential value in symptomatic FTD, MRI-based measures will become increasingly important in tracking the effects of treatments and predicting progression in asymptomatic or very mildly symptomatic disease (Rohrer et al., 2015; Lee et al., 2017) . For 17% of all clinical and imaging metrics analysed, we found a statistically significant relationship between baseline performance and rate of change. Baseline imaging was also found to significantly predict the subsequent decline for many clinical variables. Baseline clinical and imaging measures can thus be used to stratify FTD treatment trials. For several measures, those who begin with the lowest level of impairment are the least likely to show change. Stratifying those participants could potentially reduce the sample size necessary to detect an effect. For bvFTD in particular, it has been observed that some patients show very little progression over time. These patients have sometimes been labelled as having a 'phenocopy' syndrome, indicating that they may not have FTLD pathology (Khan et al., 2012) , and excluding such patients from clinical trials would help establish efficacy. For illustrative purposes, excluding those bvFTD participants with the least severe functional deficits as measured by the FAQ would result in a reduction of total sample size from 202 to 113. The benefit of this enrichment approach would need to be weighed against the concern that treatments initiated too late in disease might not be effective, but the fact that these methods help to identify patients with larger, more reliable rates of change indicates that there is still an opportunity to intervene in these patients. Similar inclusion criteria have been written into Alzheimer's disease clinical trials (NCT02477800, NCT02880956). Imaging has also been used in studies of Alzheimer's disease to predict individual rates of decline as a strategy for enrichment of clinical trials, including using multiple measures in machine learning algorithms (Zu et al., 2016) . Our data suggest that similar approaches might be taken in FTD. An alternative method for factoring in the relationship between baseline performance or volume on the expected rate of decline consideration could be to enrol a larger variety of patients but include modelling baseline performance or volume into the power calculations.
We were able to examine multiple imaging measures for tracking change. As expected, lobar cortical volumes showed reliable changes over time and were consistently among the measures requiring the smallest sample sizes, although not always smaller than those for clinical changes. The benefits relative to clinical changes were highest in svPPA, likely due to the relative clinical and pathological homogeneity of svPPA, which is associated with similar patterns of anatomical involvement across patients (Binney et al., 2017) and with TDP-43 type C pathology in roughly 80% of cases (Spinelli et al., 2016) . Changes in white matter integrity also showed reliable change, with sample size estimates that were generally comparable to those seen with structural imaging based on confidence intervals. One measure that stood out was the genu of the corpus callosum, which generated small sample size estimates in all three variants, although it is worth noting that the confidence intervals were wider with a higher upper limit in the nfvPPA cohort. The agreement of this finding across three separate cohorts further validates its utility. Corpus callosum may be a particularly valuable indicator because it carries fibres mediating communication between large parts of the cerebral hemispheres. In addition, DTI, which tracks the movement of water along white matter tracks, is sensitive to the presence of crossing fibres (Lee et al., 2015) , and the highly organized nature of fibres passing through the corpus callosum fibres may make this region ideal for detecting subtle changes in tract integrity. Very few studies have examined longitudinal changes in ASL perfusion in FTD, with the exception of a recent study in GRN and MAPT mutation carriers, which found decreased perfusion over time (Dopper et al., 2016) . Although we were able to detect statistically significant decline in volume-corrected perfusion in svPPA, our findings suggest that ASL may not be an ideal method for tracking disease once the signal is corrected for atrophy, at least when using the acquisition and processing methods we studied.
The present study also adds to our knowledge on the trajectory of functional and neuropsychological measures in bvFTD, where clinical presentation and pathology are particularly heterogeneous. Despite the core symptom being behavioural dysfunction, which is captured by the Neuropsychiatric Inventory (NPI), our findings confirm prior studies indicating that the NPI does not provide a Sample size estimates calculated for entire trial at power of 0.80 and a 40% effect size, accounting for 20% attrition. Sample size estimates were calculated in a subsample as described in the 'Materials and methods' section. Variant-specific measures represent those three measures (not including MMSE or fluency) with the lowest sample size per variant. Enriched sample sizes were reported when the covariance between slope and intercept was significant (P 5 0.05); otherwise '-' was listed. Sample sizes are not reported for ASL perfusion due to the large estimates across regions of interest (4500 per arm). Ã P 5 0.001; ÃÃ P 5 0.05.
good measure for clinical trials in this syndrome (Knopman et al., 2008) . This likely results from a combination of factors, including the fact that bvFTD patients may already be at the peak of their behavioural difficulties when they present to academic centres, and the fact that the specific behavioural phenotype varies across individuals (Ranasinghe et al., 2016 in grey lines. Overlaid in colour are the estimated slopes and 95% confidence intervals (in grey) from linear mixed effects models. The FTLD-CDR sum of box score and MMSE total score are shown for all groups given their precedence for use in clinical trials. We also show the trajectory of left temporal lobe volume and corpus callosum fractional anisotropy, which showed promising sample size estimates across all diagnoses.
Ramanan et al., 2017); however, showing that bvFTD patients experience reliable decline in many domains of cognition, and that functional measures currently provide the best metric for tracking change in this syndrome.
In contrast to bvFTD, the defining deficits in svPPA and nfvPPA involve loss of speech and language functions. Although tasks tapping semantics (such as naming and word recognition) declined significantly in svPPA and correlated well with left temporal lobe integrity, the clinical measures with the greatest effects sizes in both svPPA and nfvPPA were those having a frontal component (e.g. fluency in svPPA, Stroop, fluency and digit span in nfvPPA) and those tapping general cognitive functions (MMSE and functional scales). These findings suggest that, at a time when syndrome-specific deficits may have advanced considerably and variably in these disorders, the best clinical measures for tracking disease may be those that indicate spread to new regions and have relevance to each individual regardless of their exact clinical deficit. The sample size estimates for svPPA in this study, as well as in previous studies that included svPPA (Knopman et al., 2008; Binney et al., 2017) , were among the smallest, again likely due to the clinical and pathological homogeneity. svPPA was the only syndrome where those with the lowest volumes in the group were least likely to show more temporal lobe volume loss, consistent with prior observations indicating that temporal lobe atrophy in svPPA is so profound that it can reach a floor beyond which further volume loss is greatly attenuated (Binney et al., 2017) . The Stroop color naming task, which requires speeded naming of blocks of colours, was suggested to be an excellent outcome for tracking clinical change in nfvPPA. The promise of this measure is likely because this task tracks speeded verbal output with the smallest cognitive load, making it a relatively pure indicator of changes in motor speech in this group. It is important to note that the relative differences in sample size estimates reported in this manuscript should not be mistaken for statistical evidence of the superiority of one measure over another (i.e. in terms of statistical significance), and we recommend replication of these results. We did not directly compare effect sizes via statistical tests due to the relatively small sample sizes.
How can investigators use these findings for planning clinical trials? We believe that our findings can inform both the selection of pharmacodynamic biomarkers for early-stage trials, as well as surrogate outcomes for pivotal late-stage studies. In early-stage trials (phase 1 and 2), our data help to identify measures with relatively large and reliable effect sizes, mostly imaging-based measures and cognitive tasks targeted at specific domains, which can provide evidence of biological proof-of-concept in small studies. For such early studies, it might help to increase power by adjusting inclusion criteria using baseline characteristics to include those with a higher likelihood of progression. Our data provide guidance on selecting functional outcome measures with inherent clinical meaning for pivotal phase 3 studies, which require clinically meaningful endpoints. Furthermore, the large effect sizes observed for volumetric imaging, in conjunction with the large degree of variance in clinical function explained by these imaging variables (e.g. R 2 = 71%), provide initial evidence that neuroimaging may have a place as a surrogate outcome in these late-stage trials. Although replication of our findings in independent datasets would be ideal, this will be difficult to achieve given the prevalence of FTD, and for definitive studies it may be prudent to consider the confidence intervals for the sample size estimates and plan enrolment close to these limits to increase the likelihood that an effect would be detected.
Some limitations of our study should be noted. In order to present a comprehensive view of the changes in clinical measures and multiple types of imaging and still maintain tractability for statistical analysis and readability, we chose only four large regions of interest and limited our analysis of DTI to fractional anisotropy. Future studies should examine potential differences in the utility of various DTI-based measures. In addition, more granular, data-driven analyses Estimated total sample sizes (both arms) for a trial powered at 0.8, alpha = 0.05, with expected attrition of 20%. Confidence intervals were obtained from a 10 000-fold bootstrap procedure.
Estimates from models that failed to converge are not provided, nor are estimates 42000. CI = confidence interval; CGI = Clinician's Global Impression Scale; FA = fractional anisotropy; PPVT = Peabody Picture Vocabulary Test-Revised; SEADL = Schwab and England Activities of Daily Living Scale. tailored to each variant could yield even better measures of change (Rogalski et al., 2014; Ard et al., 2015; Binney et al., 2017) , and this should be explored using methods that combine multiple imaging modalities. In this sample, we chose to model time effects linearly to avoid the risk of over-interpreting the results. However, we note that future studies, with longer duration data or/and more frequent data acquisition, might want to examine the nature of potential nonlinear trajectories. In an effort to maximize the number of subjects in this analysis, we included individuals who had been seen at irregular intervals and individuals who had not undergone all of the procedures. Thus, the studies did not A model with only volume as an imaging predictor was compared to a model with all three imaging modalities. If the likelihood ratio test was 50.05, suggesting that the model with all three imaging predictors fit better, parameters for this model are shown. Otherwise, the parameters for the volume model are presented. Imaging predictors were standardized; each parameter indicates the units of raw change in the outcome per standard deviation decline in the imaging metric b = unstandardized coefficient. CI = confidence interval; FA = fractional anisotropy.
use true clinical trial methodology, and clinical features that influence enrolment criteria or dropout might differ in clinical trials and thus be associated with different effect sizes for longitudinal change. Furthermore, because we used a standard two time point approach to our power calculations, the subgroups used for sample size calculations were smaller than those used for LME analyses, and varied depending on available data. Accordingly, direct comparison of sample sizes across measures, while informative and in broad agreement with previously published data, should be interpreted with caution as is evidenced by the sometimes very wide 95% confidence intervals. Although bootstrapping can help understand potential over-fitting, the large number of measures explored in this study could result in a small sample size estimate by chance alone. Nonetheless, we recommend future publications that provide estimated sample sizes quantify uncertainty in their estimates. Despite these limitations, this is the largest, most comprehensive longitudinal dataset available in FTD, and it can provide valuable information for planning clinical trials. These data are now publicly available through LONI (https://ida.loni.usc.edu) for use by other investigators.
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